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The proposed approach demonstrates how multimodal neurodiagnostic analysis 
can be transformed into a high-performance, reproducible, and telemedicine-
compatible computational system. 

By combining mathematical signal formalization with cloud-native execution 
principles, the framework enables scalable and clinically applicable tremor assessment. 
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Abstract. Validating streaming decision support systems under non-stationary 
conditions requires distinguishing between genuine concept drift (change in data 
distribution) and modality degradation (sensor faults, noise, missingness). This work 
presents a methodology for constructing controlled streaming benchmarks with 
deterministic injections of drift, degradation, and anomalies. We define a generative 
protocol where concept drift is modeled as a switch in modality relevance, while 
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degradations are injected as segment-based missingness, noise, or scale shifts. The 
proposed prequential evaluation protocol ensures causal interpretability of 
performance metrics and supports the validation of reliability-adaptive pipelines. The 
benchmark design prioritizes reproducibility by fixing injection scenarios and 
providing a minimal set of artifacts for tracing “scenario → metric → conclusion”. 

Keywords: machine learning; data analysis; information systems; decision 
support; time series; multimodal data; concept drift; data quality; streaming evaluation; 
controlled benchmarks; reproducibility. 

In the domain of streaming multimodal decision support, standard evaluation on 
real datasets often suffers from the lack of ground truth regarding the cause of 
performance drops [1–3]. A decrease in forecasting accuracy can stem from a change 
in the underlying process (concept drift) or from a temporary failure of a data source 
(modality degradation). To rigorously validate adaptive methods, we propose a 
controlled benchmarking protocol that disentangles these factors through deterministic 
injection. 

Generative Model and Drift Protocol. The backbone of the benchmark is a 
multimodal stream where the target yt is a time-varying combination of modality-
specific latent processes. We model concept drift not as a change in feature 
distributions (which mimics degradation), but as a relevance switch. The target is 
generated as: 

yt+1 = αtxt,0
(1) + (1 − αt)xt,0

(2) + εt, 
where αt controls the mixing. Drift events are defined as abrupt or gradual 

changes in αt (e.g., from 0.9 to 0.1), forcing the optimal predictor to switch reliance 
from Modality 1 to Modality 2. This formulation allows testing whether an adaptive 
system allows “relevance drift” while being robust to “feature degradation”. 

Degradation Injection Protocol. Degradations are injected into the test segment 
of the stream (T = 8000, train < 5000) using a segment-based approach. We define 
three canonical stress types: (i) Missingness: random NaN injection with intensity p ∈
[0.2,0.9]; (ii) Noise: additive Gaussian noise 𝒩𝒩(0,σnoise2 ); (iii) Scale Shift: 
multiplicative scaling by factor a ∼ 𝒰𝒰[1 − δ, 1 + δ]. To validate robustness, we 
employ an alternating degradation scenario: Modality 1 degrades in segments 
[5000,6000) and [7000,8000), while Modality 2 degrades in [6000,7000). This 
forces the system to demonstrate dynamic switching capabilities. 

Anomaly Injection Protocol. For anomaly detection tasks, we inject discrete 
events into the target variable yt on top of the background stream. Types include spikes 
(3σ…6σ), level shifts (duration 8–24 steps), and variance bursts. Crucially, anomalies 
are injected independently of modality degradations, creating four confusion 
quadrants: (clean, normal), (clean, anomaly), (degraded, normal), (degraded, 
anomaly). This design allows measuring the False Alarm Rate (FAR) specifically on 
degraded segments. 

A schematic of the controlled streaming protocol timeline is shown in Fig. 1. 
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Figure 1. Schematic of the controlled streaming protocol: timeline of drift events, degradation 

segments, and anomaly injections. 
 

Evaluation Metrics. The protocol mandates a prequential (test-then-train) 
evaluation [6]. For forecasting, we report MAE and RMSE accumulated over specific 
segments (clean vs. degraded). For adaptation, we measure recovery time (steps to return 
to baseline error) and update cost (number of samples/parameters). For anomaly 
detection, we fix a FAR budget (e.g., β = 0.05) and report Recall@FAR, ensuring that 
high detection rates are not achieved by flooding the user with false alarms during sensor 
failures. If probabilistic quality or reliability scores are included in the benchmark, 
calibration quality can be assessed using standard calibration metrics [4], while threshold 
selection and separability analysis can be reported via ROC-based tools [5]. 

The proposed benchmark suite serves as a foundation for validating the reliability-adaptive 
decision support pipeline (N1–N4). By isolating drift from degradation, it provides the necessary 
experimental evidence to claim that a system is truly “robust” rather than just insensitive. 
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